
The Price of Commodity Risk

Submission for ENTER jamboree 2011

Martijn Boons∗ Frans de Roon† Marta Szymanowska‡

November 29, 2010

Abstract

This study investigates the impact of a broad, economically relevant commodity index on

the cross-section of U.S. stocks over the period 1975 to 2008. We show that commodity risk

is priced, with low commodity beta stocks outperforming high beta stocks by 4.9% per year,

translating into a Fama-French-Carhart alpha of 8.7% per year. The origin of this outperfor-

mance is hinted at by robust evidence that innovations in commodity prices contain important

information on short-term unanticipated inflation. A simple CAPM with exogenous risks en-

compasses this argument given that agents have an incentive to hedge unanticipated inflation

risk. In line with economic intuition, we find that the outperformance of low commodity beta

stocks increases in recessions.
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I Introduction

This paper builds on the premise that commodity prices are likely to contain important infor-

mation on the macroeconomy through their impact on consumption, investment and production

decisions. Consequently, innovations in these prices should be among the pieces of news to which

the stock market reacts sensitively. We, indeed, find that sorting stocks and industries on their

exposure with respect to an economically relevant commodity index yields a cross-section of ex-

pected returns that cannot be explained by a number of portfolio return-based Asset Pricing

Models (APM’s). In addition, we show that adding a single commodity factor to any of the

benchmark APM’s goes a long way in capturing the spread between low and high commodity

exposure portfolios. We argue that one may interpret this spread as a hedging premium for

unanticipated inflation risk. Our findings tie together at least two branches of the literature.

First, there is a long history of studies analyzing the impact of commodity prices on the

macroeconomy. Among many others, Hamilton (1983), Hamilton (1996) and Blanchard and Gali

(2007) investigate whether oil price shocks affect US real activity and inflation, while, for instance,

Boughton and Branson (1988), Garner (1995) and Furlong and Ingenito (1996) investigate the im-

pact of aggregate commodity prices on inflation, specifically. Although the findings are not always

consistent, there is a strong, general agreement in the literature that innovations in commodity

prices have been and are likely to be important for the macroeconomy over intermittent, but ex-

tended periods of time. In fact, recent work by Erb and Harvey (2006), Gorton and Rouwenhorst

(2006), Greely et al. (2007), Hess et al. (2008) and Hong and Yogo (2010) is highly consistent in its

conclusion that innovations in aggregate commodity prices (be it from self-constructed or commer-

cial indexes) contain important information on short-term unanticipated inflation. In addition,

Hong and Yogo (2010) find that commodity market open interest growth predicts commodity

prices as well as the anticipated component of inflation.

Second, in line with the Arbitrage Pricing Theory of Ross (1976), there have been a number of
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studies that establish a direct link between stock prices and macroeconomic fundamentals, such

as industrial production, GDP, inflation and unemployment (see, for instance, Fama (1981), Chen

et al. (1986), McQueen and Roley (1993), Ferson and Harvey (1999), Vassalou (2003) and Boyd

et al. (2005)). We adhere to the same principles in arguing that commodity prices are among

the systematic factors that cause variation in stock returns due to their impact on expected cash

flows, or discount rates, or both. This line of reasoning is easily justified thinking about real

option theory and given the aforementioned impact on inflation, for example.

We apply the portfolio approach of Fama and French (1992, 1993, 1996) to test the hypoth-

esized relation between innovations in the prices of commodities and stocks. For the former, we

focus on 33 liquid futures contracts with short-term maturities. We show that a two-dimensional

sort of all CRSP stocks on beta, with respect to an Open Interest Weighted (OIW) index of these

commodities, and size yields a cross-section of expected returns that cannot be explained by the

traditional risk factors. Specifically, we find that low minus high commodity beta portfolios per-

form exceptionally well, adding up to an average excess return of about 4.9% per year for the

aggregate stock market, which translates into an abnormal return as high as 8.7% per year in

the Fama-French-Carhart model. Although two factors derived from the cross-section of firms’

investment decisions and investment performance (as in Chen et al. (2010)) do a much better

job in pricing the spreading portfolios, these factors do not help much in pricing the long-only,

original portfolios. Interestingly, we find that a single commodity factor fits the returns on the

spreading portfolios best, but does not subsume any of the other factors in pricing the original

portfolios. Hence, on a positive note, both our findings and those in Chen et al. (2010) suggest

the relevance of novel real factors in asset pricing.

We verify that decisions on investment, production and consumption should be conditioned

on aggregate commodity prices, as innovations therein are found to be a robust predictor of

contemporaneous and next month’s unanticipated inflation. Specifically, a standard deviation
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increase in month t (month t−1) commodity returns increases month t unanticipated inflation in

both consumer and producer prices by about 0.2 (0.35) standard deviations. This finding appeals

to common logic dictating that higher prices for commodities, used as inputs in many production

chains, feed almost mechanically into consumer and producer price indexes.

Because unanticipated inflation reduces welfare and hinders economic growth (see, e.g.: Briault

(1995)), it is not a stretch to imagine that investors have an incentive to hedge it. This exact

incentive hints at a likely explanation for our cross-sectional result, as investors are going to be

willing to pay higher prices (accept lower expected returns) for high commodity beta stocks when

these stocks pay off in the face of short-term unanticipated inflation. We derive a CAPM with

exogenous, non-tradable risks that encompasses this argument. This model factors the observable

hedge portfolio for each exogenous risk into the linear pricing equation, and we argue that our

commodity factor is one of such portfolios. Along a similar line of reasoning, one can interpret

this argument in terms of Merton’s (1976) ICAPM, in which the commodity factor would serve

as a mimicking portfolio for a state variable that governs time-variation in investors’consumption

and investment opportunities.

In line with economic intuition, we find that the spread between low and high commodity beta

stocks is considerably larger in recessions, which, in addition, adds to the failure of the benchmark

APM’s. Indeed, in recessions, investors are likely to be more worried about a rising price level and

with a wider range of things that might happen, they will be willing to pay a larger premium to

hedge. This finding supplements Chen et al. (1986), who argue that unanticipated inflation risk

is more important in the stock market when it is most volatile, and relates our work to a range

of other studies. First, the market risk premium is found to be countercyclical as well (see, e.g.:

Shiller (1984); Campbell and Shiller (1988); Fama and French (1989)), which helps a great deal in

explaining time variation in the returns on stock portfolios (see, e.g.: Ferson and Harvey (1991);

Campbell and Cochrane (1999); Lettau and Ludvigson (2001)). Further, this finding relates to
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Vassalou (2003), who, building on findings by Liew and Vassalou (2000), argues that news about

future GDP growth is priced in the cross-section, such that the SMB and HML factors, which

are important predictors of future GDP growth, are in fact to be seen as state variables that

govern time variation in the investment opportunity set as in Merton’s (1976) ICAPM. Moreover,

the returns on both the SMB and HML factors are found to vary distinctly over the business

cycle (see, e.g.: Ferson and Harvey (1991); Petkova and Zhang (2005); Scheurle and Spremann

(2010)). Also, Perez-Quiros and Timmermann (2001) stress the importance of distinguishing

between recessions and expansions when modeling time variation in the risk of stocks. Finally,

McQueen and Roley (1993), Boyd et al. (2005) and Hess et al. (2008) show that the stock market

impact of various macroeconomic announcements varies importantly over the business cycle.

In the next section we discuss our data and the methodology used in examining the relation

between commodity exposures and expected returns. Section III presents results for the cross-

section of US stocks. Section IV shows that the aggregate commodity market is a strong predictor

of unanticipated inflation and derives a simple CAPM with exogenous risk that ties together our

findings. To further our arguments, Section V distinguishes between recessions and expansions.

Section VI summarizes, concludes and elaborates on potential extensions.

II Empirical framework

A. Commodity futures data

To construct an index that best tracks the aggregate price level of commodities we use data on

exchange-traded commodity futures that are relatively close to maturity. Specifically, we collect

data on prices and open interest of 33 liquidly traded commodities from the Commodity Research

Bureau (CRB), supplemented with data from the Futures Industry Institute (FII). A detailed

overview of the sample is found in Table I. The commodities are divided over four broad sectors

as in Hong and Yogo (2010): Energy (E), Agriculture (A), Metals and Fibers (M) and Livestock
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and Meats (L), which, respectively, include six, fifteen, eight and four commodities. Although a

few commodities are traded on non-US exchanges, we perform all analyses in US$.

Table I about here.

Individual short-term futures returns are calculated using a roll-over strategy of first and

second nearest-to-maturity contracts. First of all, we focus on first nearest contracts because

these are typically most liquid and should thus contain most information in a market effi ciency

sense. In line with Szymanowska et al. (2010), we roll out of the first nearest contract at the end

of the month before the month prior to its maturity, i.e.: on average six weeks before maturity.

In this way, we guard ourselves against the possibly confounding impact of erratic price behavior

commonly observed within maturity months, as well as thinly traded prices observed from four

to six weeks before maturity. Moreover, for each contract we include only those delivery months

that are traded both actively and for an extended period of time. For Energy commodities this

comes down to using all months of the year; for most other commodities we only have around four

to six months available. For all contracts, except Sugar and Pork Bellies, the delivery months are

never more than three months apart, which indicates that we are considering a short-term index.

To be precise, we calculate month t, uncollateralized futures returns as follows:

Rt =
Ft,T
Ft−1,T

− 1, (1)

where Ft,T is the futures price at the end of month t on the nearest contract whose expiration

date T is after the end of month t+1. These uncollateralized futures returns are comparable with

excess returns on stocks and are made up of both the spot return, i.e.: the change in price of the

contract, and the roll return, which is positive on those roll-over dates where a long position is

rolled into a contract with a lower price. It is important to consider both because Erb and Harvey

(2006), among others, find that roll returns mainly drive the level of excess returns, while spot
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returns mainly drive volatilities. To be exact, this way of calculating futures returns ignores the

impact of the re-investment of T-bill collateral yield gains back into commodity futures and gains

(losses) from commodity futures back into (out of) T-bills, but is, however, equivalent to Gorton

et al. (2007) and the index methodology of commercial indexes, such as the S&P-GSCI Excess

Return Index.1

Next, Table I reports average returns and standard deviations in annualized percentages. For

each individual contract these statistics are calculated over the first month in which both a return

and a Total Open Interest (TOI) are observed to December 2008, the common end of our sample

period.2 Consistent with previous studies we find that most commodities have unconditional risk

premiums that are indistinguishable from zero, which is in line with the intuition that futures

contracts are zero-sum games, such that there is no natural reason for them to carry a positive

risk premium.3 There is, however, considerable cross-sectional variation in historical means and

standard deviations, with the former ranging from a high of 22.5% (Propane) to a low of -3.13%

(Barley) and the latter from a high of 52.7% (Natural Gas) to a low of 16.6% (Feeder Cattle).

Finally, Table I reports median TOI. Historically, the Energy sector has contained the largest

commodities, and the Livestock and Meats sector the smallest, in US$ committed.

Throughout, we focus on an OIW total index that aggregates all 33 commodities, and which,

similarly to stocks, weights month t commodity returns according to TOI at the end of month

t− 1. Although this method of indexing is most relevant economically, we will consider an equal

weighted total index as well as OIW sector indexes for a few robustness checks.

1http://www2.goldmansachs.com/gsci/insert.html
2TOI is defined as the sum of the open interest of all outstanding contracts (i.e.: contracts with different

maturities) of a specific commodity, in US$.
3Specifically, only Crude Oil, Gasoline, Propane, Soybean Oil, Soybean Meal, Copper and Live Cattle have an

unconditional risk premium that is above zero at the 10%-level.
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B. Estimating commodity exposures

To test our hypothesis we apply the Fama and French (1992, 1993, 1996) portfolio approach,

in which we analyze (1) stock portfolios formed from a two-dimensional, independent sort on

commodity beta and size of all ordinary common shares traded on NYSE, Amex and Nasdaq (i.e.:

the CRSP file excluding financial firms and firms with negative book equity), and (2) industry

portfolios formed form a one-dimensional sort on commodity beta of 48 industry portfolios, sourced

from Kenneth French’s Web site. We estimate commodity betas over a 60 month rolling window,

meaning that at the end of each month t − 1 we re-estimate beta for stock (or industry) i by

regressing its excess returns on a commodity index using:

Ri,s −Rf,s = αi,s + βi,sRc,s + εi,s, for s = t− 60, ..., t− 1, (2)

where we require that at least two out of the last five years of returns are available. We apply

equation (2) from January 1975 onwards to ensure that the OIW total index consists of at least

20 commodities, such that it can be reasonably expected to mimic the important macroeconomic

impact the aggregate commodity market is hypothesized to have.4 As a result, the sample of

post-ranking portfolio returns spans from January 1980 to December 2008, adding up to 348

monthly observations.

Then, the 25 market value weighted stock portfolios of interest are the intersections of five

commodity beta groups, split at the quintiles of ranked values and estimated with data up to and

including month t−1, and five size groups, split at the quintiles of NYSE market values at the end

of month t− 1. We control for size for two main reasons. The first follows from Figure 1, which

demonstrates the outcome of sorting all CRSP stocks into 25 equal-sized commodity beta groups,

estimated using equation (2). We see that both average returns and Fama-French-Carhart alphas

decrease with commodity beta, but the pattern is far from linear and seems to focus among the
4This number corresponds to the number of commodities in well-know commercial indexes, see, e.g.:

http://corporate.morningstar.com/us/documents/Indexes/CommodityIndexComparison.pdf
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smaller stocks, as represented by the outer portfolios. When we split the sample, however, we

see that the decreasing pattern in (risk-adjusted) returns is present among both big and small

stocks. Interestingly, it is actually among the bigger stocks where the pattern is most promi-

nent. Second, both the smallest and largest firms can be highly exposed to a few commodities,

but the macroeconomic impact of this exposure is likely to differ importantly: think about a

small agriculture stock versus Shell, for instance. For the sake of comparison, we consider results

for the aggregate stock market, i.e.: from a single sort of all CRSP stocks on commodity beta,

as well. Finally, the industry portfolios are equal weighted and contain nine or ten industries each.

C. Benchmarking

Now, our interest lies in analyzing the average and risk-adjusted returns of the above portfolios

as well as the low minus high (LMH) spreading portfolios constructed therefrom. To this end, we

benchmark against a number of portfolio return-based APM’s, using three sets of stock market

factors. First, we use the well-known Fama-French-Carhart factors: MKT, SMB, HML and MOM

(available from Kenneth French’s Web site) to evaluate (1) the CAPM of Sharpe (1964) and

Lintner (1965), (2) the three factor model of Fama and French (1993; denoted FF3M) and (3) the

four factor model of Carhart (1997; denoted FFCM). Second, we consider the recently developed

three factor model of Chen et al. (2010; denoted CNMZM). We are particularly interested in

benchmarking against this model as it adds two ‘real‘factors, derived from the cross-section of

firms’investment decisions (the investments-over-assets factor: IA) and investment performance

(the return-on-assets factor: ROA), to the single market factor. At least, real option theory

dictates that prices of specific commodities should be among the factors on which a wide range of

firms base their investment decisions. The appendix describes how IA and ROA are constructed

as in Chen et al. (2010).

Finally, continuing along the lines of the Fama and French portfolio approach, we test what
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happens when each of the APM’s includes one additional factor derived from the cross-section

of firms’ commodity exposures. The commodity factor COM is constructed as in Fama and

French (1992). At the end of each month t− 1, we sort all CRSP stocks independently into three

commodity beta groups, i.e.: the lowest 30%, medium 40% and highest 30% of ranked values

estimated using equation (2), and two size groups, split at NYSE median market value. Month

t returns for the intersections of this two-dimensional sort are calculated using market values at

the end of month t − 1. Then, the factor that captures the common variation in returns related

to commodity betas is the simple average of the intersections “low beta, small” and “low beta,

big”minus the simple average of the two intersections “high beta, small”and “high beta, big”.

D. Descriptive statistics

Table II presents descriptive statistics for the commodity indexes and stock market factors of

interest. In line with, for instance, Erb and Harvey (2006), Gorton and Rouwenhorst (2006),

Szymanowska et al. (2010) and Hong and Yogo (2010), we find that the unconditional risk pre-

miums on the commodity indexes, both total and sector specific, are small and insignificant.

Especially relative to the stock market factors, of which only the commodity factor does not

provide a significant unconditional risk premium. Moreover, contrary to what one might expect,

we find that returns on the total commodity index are not driven by one specific sector, as three

out of four sectors are strongly correlated with both the OIW and EW total index at around 0.6.

Interestingly, investing in different commodity sectors as well as adding commodities, in general,

to a portfolio of stocks seems to be valuable from a diversification perspective.

Table II about here.
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III The cross-section of commodity exposures

In this section we test whether a distinct pattern in expected returns exists along the cross-section

of commodity exposures. Table III presents results for the post-ranking returns of each portfolio of

interest. Each block in the table corresponds to a specific benchmark and presents the estimated

(risk-adjusted) return, its corresponding t-statistic (based onWhite’s heteroskedasticity-consistent

standard errors) and a joint F -test of all estimates against zero. For average returns the joint

test is based on Hotelling T 2-statistic, for risk-adjusted returns (alphas) it is the GRS test from

Gibbons et al. (1989).

Table III about here.

In summary, the table demonstrates that stocks and industries with low commodity betas

consistently outperform those with high commodity betas in average returns. For the aggregate

stock market the outperformance is monotonic over the commodity beta groups and translates

into significant CAPM and FFCM alphas of 6.6% and 8.7% per year, respectively, for the low

minus high (LMH) spreading portfolio. On the other hand, the average return and FF3M alpha

of this portfolio are less significant statistically, though considerable economically, at 4.9% and

4.5% per year, respectively. Importantly, in terms of average returns as well as CAPM, FF3M

and FFCM alphas the spreading portfolios perform best among the biggest stocks. For industries,

we see that the average return of the spreading portfolio as well as its CAPM and FF3 alpha are

insignificant at around 2% to 3% per year. This marginal outperformance does translate into a

statistically significant and economically meaningful LMH alpha of 5.4% per year in the FFCM.

Indeed, the FFCM has severe problems pricing commodity beta sorted portfolios correctly, as the

intersections of the lowest two commodity beta quintiles are all significantly overpriced, at on

average 4% per year. The recently developed APM of Chen et al. (2010) is well able to capture

the LMH portfolio returns for both stocks and industries, at aggregate alphas of 0.9% and 0.4%,
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respectively. On the other hand, the CNMZM severely overprices small and low commodity beta

stocks at around 6% per year.

We find that these spreads are robust in a number of dimensions.5 First, it is unlikely that

transaction costs are anywhere near enough to subsume the (risk-adjusted) returns on the LMH

spreading portfolios because both commodity beta and size are highly persistent. Moreover, we

find that the results are qualitatively and quantitatively robust to rebalancing the portfolios only

once a year as in Fama and French (1992). Second, when we sort using the EW total commodity

index, we again find consistently positive average returns and CAPM, FF3M and FFCM alphas

for the LMH portfolios, adding up to around 4% to 5% for the aggregate stock market and to 2%

to 4% for industries. Hence, our result is robust to other weighting schemes, although the slightly

better performance when using the OIW total index might hint that we are indeed focusing on

an economically more relevant index. Third, qualitatively, the results extend when breaking the

sample period in two. Given the recent financialization of commodities highlighted in Tang and

Xiong (2009), this is an interesting result. In quantitative terms, however, there is some variation

in average and risk-adjusted returns over time, except for a consistent, significant FFCM alpha

for the LMH portfolio of around 8% for stocks and 5% for industries, in both the earlier and later

part of the sample.

Finally, the focus on total indexes (combining all 33 commodities) is crucial for these results.

On one hand, this finding makes intuitive sense with such a wide range of commodity exposures in

both the CRSP and industry samples. On the other hand, one might hypothesize that there must

be important differences among the macroeconomic impact the various sectors can be expected

to have. First, Energy has been the largest sector over our sample in total US$ committed. Thus,

one might expect this sector to drive our results. We find that this conjecture is false because

sorting either stocks or industries on their exposure to the Energy index does not yield any

meaningful (risk-adjusted) returns for the LMH portfolios. This result extends to the Livestock

5Results for these robustness checks are available on request.

12



and Meats sector. In contrast, we find that sorting on exposures to the Metals and Fibers index

yields an economically meaningful spread in average returns of around 4% for both stocks and

industries, which translates into economically and statistically significant LMH alphas of 7.5% and

6.4% per year, respectively, in the CAPM. For stocks this significance does not extend over the

remaining APM’s (FF3M, FFCM and CNMZM), with LMH alphas that are both economically and

statistically small at around 3% per year. For industries, however, the significance does extend,

as both the FF3M and FFCM alpha are economically and statistically large at around 5.5% per

year. This finding corroborates Jacobsen et al. (2010) who argue that industrial metals prices

contain important information for the stock market. When sorting either stocks or industries on

exposures to the Agriculture index we find relatively small, but consistently positive average and

risk-adjusted returns for the LMH spreading portfolios. Only for industries these are marginally

significant at 3% to 5% per year.

Table IV presents results for factor models that additionally include the commodity factor

COM. As one might expect, adding this factor improves the fit considerably. Even in a single

factor model, only including COM, the alpha for the LMH spreading portfolio is as low as 0.7%

for the aggregate stock market, and -0.2% for industries. Compared with the CAPM in Table III,

with alphas of 6.6% and 3.3%, respectively, this is a reasonable success. These economically small

risk-adjusted returns extend to all other factor models. For instance, using the commodity factor

alongside FFCM yields negligible LMH alphas as low as 0.3% and 0.1% for stocks and industries,

respectively. Again, a success relative to the 8.7% and 5.4% we find without COM.

Table IV about here.

On the other hand, the commodity factor alone does a horrific job in explaining the level of

returns on stocks, for which all but one of the 25 alphas are significant at about 8% on average,

and industries, for which all alphas are significant at about 7% on average. Interestingly, a two-
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factor model, including the market and the commodity factor (CAPMCOM), performs better,

with all but one stock and industry portfolio indistinguishable from zero. Thus, CAPMCOM uses

the market factor to match the level of returns and the commodity factor to match the spread

between low and high commodity beta portfolios. Also, using the commodity factor alongside

FF3M and FFCM considerably improves the fit relative to Table III. Importantly, CAPMCOM

compares favorably with these four and five factor models, as well. Adding the commodity factor

to the CNMZM, does not provide a meaningful improvement, as small and low commodity beta

stocks are still overpriced at around 6% per year.

The main conclusions of this section are easily summarized by the GRS statistics presented

alongside the blocks of Tables III and IV. These test whether the combined set of 30 alphas (from

25 double-sorted stock portfolios plus five single-sorted industry portfolios) is jointly equal to zero

for each APM considered. First, we see that all factor models without COM are rejected at the

10%-level, with the strongest rejection for the FFCM and CNMZM (p−val = 0.03). This finding,

in particular, shows the importance of presenting this additional statistic: the GRS test rejects

the models evenly while the risk-adjusted returns on the LMH portfolios differ wildly, at 8.7%

for stocks and 5.4% for industries in the FFCM, and at 0.9% for stocks and 0.4% for industries

in the CNMZM. Second, individually, COM performs worse than the CAPM, while adding it to

either the CAPM or the FFCM improves the fit considerably: both models are not rejected at

the 10%-level. Adding COM to the FF3M presents only a minor improvement, while adding it to

the CNMZM actually worsens the fit. In the end, it is indeed CAPMCOM that seems to perform

best.

Note that the absolute values of these test statistics are modest relative to previous work (see,

e.g.: Chen et al. (2010)). Upon inspection, we find that the alphas in Table III and IV are of the

same order of magnitude as the alphas that result when the 25 size and book-to-market sorted

portfolios (SBM25, taken from Kenneth French’s Web site) are used as test assets. Hence, this
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finding is in line with Nagel et al. (2010) and Kleibergen (2010) who argue that the strong factor

structure (in particular, with respect to SMB and HML) in this widely used set of portfolios can

lead to misleading conclusions.

We follow the approach advocated in Kleibergen (2010) to verify that our commodity beta

sorted portfolios are less impaired by this issue, which would explain the relatively weak sig-

nificance in our GRS tests. To be precise, we construct the eigenvalue decomposition of the

variance-covariance matrix of residuals of time-series factor regressions, as analyzed in Tables III

and IV. Comparing results for our set of 30 portfolios (COMS30), SBM25 and the 48 industry

portfolios (IND48), several things are clear. First, the traditional factors MKT, SMB, HML and

MOM eradicate a large fraction of the unobserved factor structure in SBM25 relative to both

COMS30 and IND48. Stated differently, we find that the residuals from factor regressions using

the traditional factors are large for COMS30 (and IND48) relative to SBM25, which explains

why our GRS statistics are relatively small. Second, adding the observed factor COM to either

the CAPM, FF3M or FFCM eradicates an important part of the unobserved factor structure in

both COMS30 and IND48, but less so in SBM25. Third, it is interesting to see that the IA and

ROA factors, advocated by Chen et al. (2010), do not compare favourably to the SMB and HML

factors in explaining the factor structure in either COMS30, SBM25 or IND48. These results are

available on request.

IV Commodities and (unanticipated) inflation

Economic theory suggests that commodity prices are leading indicators of inflation because these

prices are set in highly competitive auction markets, which allows them to respond more quickly

to economy-wide shocks to demand than prices overall. In fact, many consider commodities a

safe haven against inflation.6 There is a long history of studies testing this hypothesis, with

6The specific term "safe haven" is often used in financial press, see, for instance, the following report written by
Sandra Pianalto, President of the Cleveland FED, in September 2006:
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inconsistent results at first (see, e.g.: Boughton and Branson (1988); Garner (1995); Furlong

and Ingenito (1996); Strongin and Petsch (1998)). Recent evidence, however, is much more

consistent, as Erb and Harvey (2006), Gorton and Rouwenhorst (2006), Greely et al. (2007), Hess

et al. (2008) and Hong and Yogo (2010) all find that returns on aggregate commodity indexes are

strongly positively related to unanticipated inflation in the short-term future.

As surveyed in Briault (1995), economic theory suggests that this component of inflation is

costly because it reduces welfare and hinders growth, through (1) the introduction of uncertainty

about future prices into decisions about consumption, saving, borrowing and investment; (2) an

increase in the costs of identifying changes in relative prices, and of allocating resources accord-

ingly; and, (3) an unexpected redistribution of wealth, e.g.: from lenders to borrowers or between

the public and the tax authority. Although real assets (such as TIPS) are traded, these are only

protected from inflation in terms of the purchasing power of their cash flows. However, because

the Federal Reserve’s monetary policy can transform an unexpected increase in inflation into an

increase in real interest rates, these assets will be hurt as well. Equities will be hurt even more,

as the increase in real interest rates is likely to slow down real economic growth (Greely et al.

(2007)).

This section will build on these foundations in trying to provide an argument for why the

cross-sectional spread that we find in Section III is likely to be an unanticipated inflation hedging

premium. First, we derive a multi-factor model for expected returns that encompasses investors’

incentive to hedge unanticipated inflation. Next, we present evidence that hints at the likely

important role played by aggregate commodity prices in accomodating these incentives.

Note, we could have sorted on some measure of unanticipated inflation in Section III instead.

In fact, our results are consistent, but considerably weaker when doing so.7 We believe that this

is due to the measurement problems common to most macroeconomic series. These series are

http://www.clevelandfed.org/research/commentary/2006/0915.pdf.
7Results available on request.
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usually reported with delay and are often subject to revisions. Indeed, even ex post, it is diffi cult

to determine exactly how much the true, underlying price level has changed over a given time

period. Because commodity futures markets are liquid, it is only reasonable to expect that news on

inflation is likely to be incorporated in these markets relatively quickly. Thus we hypothesize that

innovations in aggregate commodity prices are timely measures of those elements of unanticipated

inflation that are relevant for asset pricing.

A. A CAPM with exogenous risks

To arrive at a multi-factor model for expected returns we consider the standard, one period, mean-

variance Markowitz (1959) problem for risk-averse agents faced with a number of exogenous,

non-tradeable risks. Although, unanticipated inflation risk is of particular interest here, the

exposition is general. Thus one can also think of risk coming from, for instance, real estate

ownership, private business ownership, human capital or foreign currency exposure. Our model is

conceptually similar to Fama (1996), who exposes an intuitive way of understanding the ICAPM

(Merton (1973)) in terms of multi-factor portfolio effi ciency, where investors’optimal portfolios

combine a Markowitz-type mean-variance effi cient portfolio with a number of hedging portfolios

that mimic uncertainty about future consumption-investment state variables.

To fix ideas, consider the S − vector of exogenous, non-tradeable risks with returns denoted

RQt+1. In each of these risks, agent j has tied up a fraction q
s
j,t of his total wealth Xj,t. Thus, the

total return on agent j’s portfolio is

Rpj,t+1 = Rft + w′j,tr
A
t+1 + q′j,tr

q
t+1, (3)

where rAn,t+1 = RAn,t+1 − Rft , the excess returns on each of n = 1, .., N risky assets, with

expectation µA; and, r
Q
s,t+1 = RQs,t+1 − R

f
t , the excess returns on each of s = 1, ..., S exogenous

risks, with expectation µQ. Thus, the expected return and variance of j’s portfolio are:
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Et(R
p
j,t+1) = Rft + w′j,tµA + q′j,tµQ and (4)

V art(R
p
j,t+1) = w′j,tΣAwj,t + q′j,tΣQqj,t + 2w′j,tΣAQqj,t, (5)

where ΣA is the N × N covariance matrix of the risky assets, ΣQ is the S × S covariance

matrix of the exogenous risks and ΣAQ is the N × S covariance matrix of the risky assets and

the exogenous risks. Combining, agent j, with risk-aversion γj , is faced with the optimization

problem:

max
wj,t

Et(R
p
j,t+1)−

γj
2
V art(R

p
j,t+1). (6)

Plugging in equations (4) and (5) we obtain the following first order condition for each agent

j:8

µA = γjΣAwj,t + γjΣAQqj,t. (7)

Now define the scaled exposures to each exogenous risk s as

zsj,t = qsj,t(ι
′
NΣ−1A ΣA,s), (8)

and stack these in the S − vector zj = [z1j,t, ..., z
S
j,t]
′. Also, define the hedge portfolios for each

exogenous risk s as

8Rearranging we have the following optimal weights in N risky assets for each agent j:

wj,t =
1

γj
Σ−1A µA − Σ−1A ΣAQqj,t.

Thus, the optimal portfolio is a combination of the standard Markowitz portfolio (i.e.: a speculative demand)
and the minimum-variance hedge portfolio for each exogenous risk s.
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hs =
1(

ι′NΣ−1A ΣA,s

)Σ−1A ΣA,s, (9)

with ι′Nhs = 1 and which are stacked in the N × S −matrix h = [h1, ..., hS ].9 Starting from

equation (7) we have

µA = γjΣAwj,t + γjΣAΣ−1A ΣAQqj,t (10)

= γjΣAwj,t + γjΣAhzj,t (11)

= γjΣAwj + γjΣAHzj,t. (12)

Aggregating over all agents j = 1, ..., J , weighting by their relative wealth xj,t =
Xj,t
J∑
j=1

Xj,t

, and

rewriting we get

J∑
j=1

xj,tγ
−1
j µA =

J∑
j=1

xj,t

(
ΣA ΣAH

) wj,t

zj,t

 , or (13)

γ−1m µA =

(
ΣA ΣAH

) wm,t

zm,t

⇔ (14)

µA =

(
ΣAM ΣAH

) γm

γmzm,t

 , (15)

where γm, wm,t and zm,t are the wealth weighted risk aversion, investments in risky assets and

exposures to exogenous risks, respectively, of the market m.

Up to this point, the exposition has been general. However, with unanticipated inflation

9Note, the hedge portfolio hs is nothing more than a vector of scaled coeffi cients from the multivariate regression:
rQs,t+1 = as,t + b′s,tr

A
n,t+1 + es,t+1.
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as one of the exogenous risks in mind we continue along the following lines: rQt is not traded,

but the returns on the hedge portfolios, stacked in the S − vector rht (with expectation µh),

are observable. These assumptions differentiate our approach from two alternative situations

dealt with in previous literature. First, the case in which rQt is traded, as in, for instance, the

International CAPM of Adler and Dumas (1983) with foreign currency exposures. Second, the

case in which rQt is not traded, r
h
t is not observable, but the wealth weighted exposures q

s
m,t are

observed and time-varying, as in (1) De Roon et al. (2000) with non-marketable positions that

may serve as the underlying value of futures contracts, and (2) De Jong and De Roon (2005) with

positions in domestic assets that are restricted from foreign investment.

Using that the first order conditions in equation (15) must also hold for the market portfolio

and the hedge portfolios themselves, we get

 µm

µh

 =

 σ2M ΣMH

ΣHM ΣH


 γm

γmzm,t

 . (16)

Inverting equation (16), which solves for γm and γmzm,t, and substituting in equation (15)

gives

µA =

(
ΣAM ΣAH

) σ2M ΣMH

ΣHM ΣH


−1 µm

µh

 , or (17)

Et(rn,t+1) = βn,mEt(rm,t+1) +
S∑
s=1

βn,sEt(r
h
s,t+1), (18)

i.e.: a simple beta APM in (conditional) exposures to the market portfolio and hedge portfolios

for each of S exogenous, non-tradable risks. Indeed, insofar as the factors SMB, HML, MOM, IA,

ROA and COM are such hedge portfolios we have estimated unconditional versions of equation

(18) in Section III.
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Importantly, the agent’s incentives to hedge exogenous risks automatically lead to this multi-

factor model for expected returns. As argued before, this line of reasoning is similar to allowing

for hedge portfolios that mimic the state variables of concern to investors, as in Fama (1996).

In essence, we hypothesize that unanticipated inflation is one of these state variables and that

a broad index of commodity futures is useful in backing out the hedge portfolio that mimics its

variation over time.

B. Predictability of unanticipated inflation

To complete the argument outlined above, all that is left to be shown is that our aggregate com-

modity index contains fundamental news about inflation. That is, inflation in a broad sense,

as we consider consumer prices, used to adjust income and expenditures for changes in the cost

of living, as well as producer prices, used to deflate revenues to measure real growth in output.

Consumer price inflation is calculated from the Price Index for Personal Consumption Expendi-

tures (PIPCE), as published by the Bureau of Economic Analysis. We focus on PIPCE inflation

because this is the preferred measure of inflation by the Federal Reserve (Board of Governors of

the Federal Reserve System (2000)).10 Producer price inflation is calculated from the Producer

Price Index for Finished Goods (PPI), as published by the Bureau of Labor Statistics.

Consistent with Erb and Harvey (2006) and Hong and Yogo (2010) we measure unanticipated

inflation (dIt) as the month t change in the annual growth rate of either the PIPCE or PPI:

dIt = (
It

It−12
− 1)− (

It−1
It−13

− 1). (19)

Table V presents the results of regressing unanticipated inflation onto contemporaneous and

lagged returns on the various commodity indexes of interest. The regressions include the optimal

number of lags for the dependent variable determined using BIC and all variables are normalized.

10The results are robust when consumer price inflation is measured using the Consumer Price Index (CPI), as
published by the Bureau of Labor Statistics.
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Table V about here.

For the OIW total index, i.e.: the first regression in Panel A (for PIPCE) and Panel B

(for PPI), a crucial result stands out: both the contemporaneous (month t) and lagged (month

t − 1) return contain fundamental news about inflation. Economically the effects are large: a

standard deviation increase in the month t (month t − 1) commodity return, equal to 5.4%,

increases unanticipated inflation in both PIPCE and PPI by about 0.2 (0.35) standard deviations.

Moreover, for both PIPCE and PPI we find sizeable adjusted R2’s of 36% and 25%, respectively,

which is more than double what they are without commodity returns. In the second regression

we see that these conclusions extend to the EW total index, for which we find the same patterns

of predictability at marginally smaller coeffi cients and adjusted R2’s.11

In the remaining regressions it is interesting to see that these conclusions roughly extend to

as many as three out of four sector indexes. Specifically, (in order of priority) the Energy, Metals

and Fibers and Agriculture sectors all contain important information on contemporaneous and

next month’s news about inflation. Especially the strong relation between unanticipated inflation

and both the Energy and Metals and Fibers sectors mirrors findings in Erb and Harvey (2006)

and Greely et al. (2007).

We verify that this result is robust in a range of other dimensions. First of all, one can also

measure unanticipated inflation as in Fama and Schwert (1977). In equation (19), anticipated

inflation is naively taken to be last month’s realization, whereas the short rate, which is known at

the beginning of month t, is likely to be a better proxy, particularly, when the real rate of interest

is constant. In unreported results we verify that the above findings extend when unanticipated

inflation is defined as: dI∗t = ( It
It−1
− 1) − (RFt). Also, our result is robust to including another

11 In line with these results, we find that sorting stocks on lagged commodity returns, using βi,s from: Ri,s−Rf,s =
αi,s + βi,sRc,s−1 + εi,s, also provides an interesting cross-section of expected returns. However, the spread between
low and high commodity beta stocks is larger when the contemporaneous commodity return is used as in equation
(2). This is consistent with the Effi cient Market Hypothesis: stock prices incorporate new information quickly.
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well-known predictor of unanticipated inflation, i.e.: the yield spread, as in Hong and Yogo (2010).

So far, we have implicitly focused on the micro-economic cost of living by calculating "head-

line" inflation from the PIPCE. However, as noted in Bernanke et al. (1999, pp. 321-322), central

banks’monetary policies should actually target "core" inflation, calculated from consumer price

indexes that exclude volatile components which move because of transitory supply and demand

shocks. Essentially, these core indexes allow one to measure permanent shocks to prices that im-

pact true, underlying macroeconomic inflation. (Wynne (2008)) In the end, being able to predict

unanticipated changes in core inflation simply presents a more diffi cult hurdle to pass, as can be

seen in Greely et al. (2007).

Table VI replicates Table V for a widely used proxy of core inflation, namely the PIPCE

excluding volatile Foods and Energy components. Focusing on the first regression in Panel A, we

find that contemporaneous and lagged returns on the OIW total index are again important, as

a standard deviation increase in month t, t − 1 or t − 2 returns increases month t unanticipated

inflation in the core PIPCE by 0.12 to 0.16 standard deviations. Here, too, adjusted R2 is found

to double when adding the commodity returns. Again, these conclusions extend to the EW total

index. In sum, it seems that aggregate commodity indexes contain fundamental news about true

underlying inflation, as well. The results for the sector specific indexes do not extend directly,

however. Almost by construction we find that both the Energy and Agriculture indexes are much

less useful in explaining unanticipated core inflation. On the other hand, the Metals and Fibers

index is still about as useful as the total indexes.

For completeness’ sake, Panel B of Table VI presents results for the core PPI. Whereas overall

significance is weaker, we again see that lagged returns on aggregate commodity indexes as well

as on the Metals and Fibers index are informative.

Table VI about here.
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To sum up, we find that the OIW total index contains important information on both types

of inflation an investor wants to hedge, in line with our conjecture that the cross-sectional spread

we find in Section III is an unanticipated inflation hedging premium. To be precise, stocks with a

high (low) commodity beta pay off in the face of unanticipated inflation and, as a result, investors

will want to pay a high (low) price for these stocks. In fact, the return differential that results is

what is captured by the commodity factor COM. Although a bit weaker, we find similar patterns

in predictability for the EW total index and the Metals and Fibers index. As a result, we find

some evidence of a cross-sectional spread when sorting on these indexes, as well. Conversely, we

do not find a spread when sorting on the Energy index, because innovations therein only predict

transitory shocks to the price level.

V Recessions versus expansions

Continuing along the lines set out in the previous sections, we expect the spread between low

and high commodity beta stocks to vary distinctly over the business cycle. Specifically, adverse

changes in prices are likely to be more costly in recessions, such that investors will be willing to

pay a larger premium to hedge. And, even if it is not just because of this economic turmoil, risk-

averse investors are willing to pay more when there is a wider range of things that can happen.

Indeed, the in-sample volatility of unanticipated inflation in both consumer and producer prices,

defined as in equation (19), is significantly larger in recessions, consistent with intuition.

Thus our interest is in a conditional version of equation (18), which allows betas and risk

premiums to vary according to the dichotomous state of the economy (see, e.g.: McQueen and

Roley (1993) or Boyd et al. (2005) for similar specifications). We separate recession and expansion

months using the Chicago FED National Activity Index (CFNAI). Following convention, the cut-

off is an index value of -0.7, below which there is an increasing likelihood that a recession has
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begun.12 Importantly, the results are similar for NBER dating.13 We prefer the CFNAI, however,

because it is updated with production, investment and consumption information in real-time,

which, in addition, allows us to suggest a possibly profitable trading strategy.

To be precise, our conditional APM translates to the following regression for post-ranking

portfolio returns:

rLMH,t = αexp + α∗recDt + β′expFt + β∗′recFtDt + εt, (20)

where Ft contains the CAPM, FF3M, FFCM and CNMZM factors for the relevant benchmark

APM’s. The indicator Dt is equal to one if CFNAI−MA3 < −0.7 in month t. Here, the interest

is in the actual state of the economy, not in whatever information was truly available to investors

in real-time. Both β′exp and β
∗′
rec are set equal to zero when estimating average returns.

Table VII presents the results from applying equation (20) for the long-short portfolios an-

alyzed in Section III, i.e.: five LMH portfolios controlled for size, and two LMH portfolios con-

structed from one-dimensional sorts of all CRSP stocks and 48 industries. Each block presents the

average or risk-adjusted return in expansions (αexp) and the incremental average or risk-adjusted

return in recessions (α∗rec). The corresponding t-statistic for each incremental return (tα∗rec , based

on White’s heteroskedasticity-consistent standard errors) is presented last.

Table VII about here.

Considering the first block of results, we see that the LMH spreading portfolios do not perform

impressively in expansions with an annualized average return that is only 1.9% for the aggregate

stock market and 0.3% for industries. On the other hand, we see that the incremental average

return in recessions is consistently positive and economically large for each LMH portfolio, adding

up to 18.7% for the aggregate stock market and 12.6% for industries. These increments are

12Specifically, we use the 3-month moving average of the index: CFNAI-MA3, available at:
http://www.chicagofed.org/webpages/publications/cfnai.
13http://www.nber.org/cycles/cyclesmain.html
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marginally significant at the 10%-level, which is not bad in a sample of 55 recession months.

Second, the traditional APM’s have severe problems pricing this phenomenon correctly. In the

CAPM and FF3M, incremental alphas in recessions are large and marginally significant at values

above 15% for the aggregate stock market and above 10% for industries. In the FFCM, the

incremental alphas are even above 20% for both stocks and industries and highly significant.

Finally, among all APM’s considered, the CNMZM performs worst in this conditional setting, with

incremental risk-adjusted returns as large as 29.4% for the aggregate stock market and 21.7% for

industries. This result is interesting compared with Table III, where the CNMZM performs best

in pricing the spreading portfolios relative to all APM’s without COM. The CNMZM clearly does

not seem to be able to match the time variation in the unanticipated inflation hedging premium

that we document: it significantly overprices (underprices) low (high) commodity beta stocks in

recessions, and vice versa in expansions.

In sum, Table VII demonstrates that the failure of the benchmark APM’s worsens when we

allow betas and risk premiums to vary over the business cycle. In unreported results, we verify

that a single commodity factor is well capable of capturing the incremental (risk-adjusted) returns

in recessions, as these are uniformly small and insignificant in all APM’s that include our factor

COM. Given that COM has higher returns in recessions than in expansions, this result comes as

no surprise. Importantly, this return differential is directly in line with our hypothesis, as well.14

Interestingly, Table VIII shows that these results are robust when the indicator Dt is replaced

by its lagged value Dt−1 in equation (20). Again, the average returns of the LMH spreading

portfolios are higher in recessions by about 10% within each size group, translating into 11.8% for

the aggregate stock market and 5.3% for industries. Although the differences are only marginally

significant, they are economically meaningful given that they are realized in those exact periods

when returns are needed most. Also, risk-adjusted returns extend nicely from Table VII at

14Specifically, COM has an average return of 13.8% in recessions versus 0.9% in expansions (t − diff = 1.92).
In-sample, also SMB, MOM and ROA have (marginally) significantly higher average returns in recessions.
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marginally significant incremental CAPM and FFCM alphas of over 10% and a highly significant

incremental CNMZM alpha of over 25% for the aggregate stock market. These incremental risk-

adjusted returns hint at the likely profitability of conditional trading strategies derived from our

commodity sorts, even though they are subject to a look-ahead bias, because we are using the

whole sample to estimate equation (20).

Table VIII about here.

VI Conclusion

This paper builds on a long history of studies establishing the important impact of commodity

prices on macroeconomic quantities, such as real activity and inflation. Thus given that invest-

ment, production and consumption decisions are to be conditioned on commodity prices, one

would expect innovations in these prices to be among the macroeconomic shocks to which the

stock market reacts sensitively.

Indeed, we find that an interesting pattern in expected returns exists along the cross-section

of commodity risk exposures, measured as beta with respect to a broad, OIW index of commodity

futures. Specifically, stocks with low commodity betas outperform those with high commodity

betas by 4.9% per year in average returns. The traditional risk factors cannot capture this spread,

as it translates into an annual Fama-French-Carhart alpha of 8.7%, which is economically and

statistically large. For this exact reason, our study fits in with literature documenting anomalous

patterns in the cross-section of expected returns. Adding a novel commodity factor, however,

does capture the spread. These finding are robust to a number of alternative specifications,

extend (qualitatively) to industry portfolios and are found not to be replicable from sector specific

commodity indexes. In sum, we establish an important link between innovations in aggregate

commodity prices and the stock market, which is an interesting addition to the recent contribution
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of Chen et al. (2010): real factors do matter in asset pricing.

In line with general agreement in the literature, subsequent evidence indicates that our ag-

gregate commodity index is a robust predictor of unanticipated inflation in both consumer and

producer prices. Combining, we put forward a likely explanation for the cross-sectional spread

we find. High commodity beta stocks pay off in the face of unanticipated inflation, which implies

that these stocks are attractive from a hedging perspective. Thus, investors are willing to pay

higher prices, or, conversely, accept lower expected returns. A simple CAPM with exogenous,

non-tradable risks encompasses this argument, as the hedge portfolio for unanticipated inflation

risk will be factored into the linear pricing equation whenever agents have an incentive to hedge

this risk. One can also regard this hedge portfolio as one that mimics a state variable that governs

time-variation in consumption-investment opportunities, as in Merton’s (1973) ICAPM.

This study adds to the growing body of literature establishing important links among various

asset classes originating from macroeconomic fundamentals. Moreover, the specific focus on com-

modities and their use in forecasting inflation supplements findings by Hong and Yogo (2010).

These authors also document a strong link between aggregate commodity returns and unantic-

ipated inflation, but find that commodity market open interest growth drives out these returns

in predicting changes in inflation expectations. Finally, we find that the spread between low and

high commodity beta stocks varies importantly over the business cycle, which adds to literature

highlighting the importance of allowing for time variation in exposures and risk premiums in asset

pricing.
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Appendix: Chen, Novy-Marx and Zhang (2010) factors

This appendix elaborates on the construction of the Investments-over-Assets (IA) and Return-

On-Assets (ROA) factors put forward in Chen et al. (2010). For the IA factor we break all CRSP

stocks into three IA groups at the end of June of year t, i.e.: the lowest 30%, medium 40% and

highest 30% of ranked values. Specifically, IA is calculated as the change in gross property, plant

and equipment (Compustat annual item PPEGT) plus inventories (item INVT) from the fiscal

year ending in t−2 to t−1, divided by book value of assets (item AT) from the fiscal year ending

in t− 2. The median NYSE market value at the end of June is used to split the sample according

to size. For the 6 intersections we calculate monthly market value weighted returns from July

of year t to June of t + 1, at which month’s end we rebalance. Then, the factor that mimics

the common variation in returns related to investments-over-assets is the simple average of the

intersections “low IA, small” and “low IA, big” minus the simple average of the intersections

“high IA, small”and “high IA, big”.

For the ROA factor we break all CRSP stocks into three ROA groups at the end of each

month t − 1, i.e.: the lowest 30%, medium 40% and highest 30% of ranked values, where ROA

is calculated as quarterly income before extraordinary items (Compustat quarterly item IBQ)

divided by one-quarter-lagged total assets (item ATQ). With respect to the timing: at the end

of each month t − 1 we sort all stocks that made a public earnings announcement (item RDQ)

in month t − 1 and we lag total assets relative to the quarter to which the announced earnings

refer. Here, we use the median NYSE market equity at the end of month t − 1 to split the

sample into two size groups and for the resulting 6 intersections we calculate monthly market

value weighted returns. Then, the factor that mimics the common variation in returns related

to return-on-assets is the simple average of the intersections “high ROA, small”and “high ROA,

big”minus the simple average of the intersections “low ROA, small”and “low ROA, big”.
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Figure 1: Portfolios Sorted on Commodity Beta
The top figure (a. Full Sample) demonstrates results from sorting all CRSP stocks into 25 com-
modity beta groups over the period January 1975 to December 2008. We plot each group’s
commodity beta (averaged within group and over time) against: (1) average post-ranking portfo-
lio return and the corresponding Fama-French-Carhart α (in annualized %’s; returns are market
value weighted), and (2) market value (in US$ millions; averaged within group and over time).
For the bottom figures (b. Big and c. Small), we split the sample according to the median
Market Value within sample, in each month t. Both subsamples are sorted into 25 commodity
beta groups, for which each figure plots commodity beta (averaged within group and over time)
against average return and the corresponding Fama-French-Carhart α (in annualized %’s; returns
are market value weighted).
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Table I: Overview of Commodity Futures
This table presents detailed characteristics of 33 commodity futures, which are divided over four
broad sectors as in Hong and Yogo (2010): Energy (E), Agriculture (A), Metals and Fibers (M)
and Livestock and Meats (L). The table lists: (1) a commodities’sector (sec.) and symbol (sym.;
as it appears in the CRB data); (2) the exchange on which it is traded (1); (3) the delivery months
considered; (4) the first month in which both a return and total open interest (TOI) are observed
(the end date, December 2008, is common to all contracts but flaxseed, which stopped trading
in 2005); (5) annualized average return and standard deviation (* indicates significance at the
10%-level); and finally, (6) median Total Open Interest (TOI; in US$ MM).

(Sec.) Comm. (Sym.) Exchange Delivery Months First Obs. Avg. Ret. St. Dev. TOI
(E) Crude Oil (CL) NYMEX All 198304 12.48* 34.11 7522
(E) Gasoline (HU/RB) (2) NYMEX All 198501 16.33* 36.29 2272
(E) Heating Oil (HO) NYMEX All 197904 9.35 32.30 2804
(E) Natural Gas (NG) NYMEX All 199005 1.90 52.70 7456
(E) Gas-Oil-Petroleum (LF) ICE All 199009 10.56 31.91 2268
(E) Propane (PN) NYMEX All 198709 22.46* 47.22 21
(A) Coffee (KC) ICE 3,5,7,9,12 197209 6.70 38.22 1191
(A) Rough Rice (RR) CBOT 1,3,5,7,9,11 198701 -2.14 28.74 72
(A) Orange Juice (JO) ICE 1,3,5,7,9,11 196703 4.21 32.83 210
(A) Sugar (SB) ICE 3,5,7,10 196102 5.77 43.45 863
(A) Cocoa (CC) ICE 3,5,7,9,12 195908 3.53 31.24 438
(A) Milk (DE) CME 2,4,6,9,12 199602 4.99 24.41 398
(A) Soybean Oil (BO) CBOT 1,3,5,7,8,9,10,12 195908 7.23* 30.06 789
(A) Soybean Meal (SM) CBOT 1,3,5,7,8,9,10,12 195908 8.04* 29.17 958
(A) Soybeans (S-) CBOT 1,3,5,7,8,9,11 196501 4.61 27.06 3407
(A) Corn (C-) CBOT 3,5,7,9,12 195908 -1.96 22.88 1953
(A) Oats (O-) CBOT 3,5,7,9,12 195908 -1.01 28.65 48
(A) Wheat (W-) CBOT 3,5,7,9,12 195908 0.05 23.43 795
(A) Canola (WC) WCE 3,5,6,7,9,11 197504 -1.77 22.12 171
(A) Barley (WA) WCE 3,5,7,10,12 198906 -3.13 21.00 98
(A) Flaxseed (WF) WCE 3,5,7,10,11,12 198501 7.57 30.85 106
(M) Cotton (CT) ICE 3,5,7,10,12 195908 1.10 22.66 1043
(M) Gold (GC) NYMEX 2,4,6,8,10,12 197501 0.33 19.56 6056
(M) Silver (SI) NYMEX 3,5,7,9,12 197202 3.86 32.46 2739
(M) Copper (HG) NYMEX 1,3,5,7,9,12 197210 7.99* 27.78 1225
(M) Lumber (LB) CME 1,3,5,7,9,11 196911 -2.81 26.94 117
(M) Palladium (PA) NYMEX 3,6,9,12 197702 9.31 36.28 90
(M) Platinum (PL) NYMEX 1,4,7,10 197208 6.54 28.26 306
(M) Rubber (YR) TOCOM All 199204 1.88 32.67 582
(L) Feeder Cattle (FC) CME 1,3,4,5,8,9,10,11 197112 3.69 16.58 494
(L) Live Cattle (LC) CME 2,4,6,8,10,12 196412 5.56* 16.76 1853
(L) Lean Hogs (LH) CME 2,4,6,7,8,10,12 196603 5.14 25.63 674
(L) Pork Bellies (PB) CME 2,3,5,7,8 196402 2.66 34.05 197
(1) CBOT = Chicago Board of Trade; CME = Chicago Mercantile Ex.; ICE = ICE Futures US; NYMEX
= New York Mercantile Ex.; TOCOM = Tokyo Commodity Ex.; WCE = Winnipeg Commodity Ex.
(2) Until June 2006 returns are based on the Unleaded Gasoline (HU) contract, from July 2006 on the
Reformulated Gasoline Blendstock (RB) contract
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Table III: (Risk-Adjusted) Returns for Portfolios Sorted on Commodity Beta
This table analyzes portfolios constructed from all CRSP stocks and 48 industry portfolios, re-
spectively. The returns span from January 1980 to December 2008, adding up to 348 monthly
observations. Specifically, we present average and risk-adjusted returns, i.e.: CAPM, FF3M,
FFCM and CNMZM α’s, for (1) 25 stock portfolios at the intersections of five equal-sized com-
modity beta (CB) groups, and five size groups, split at NYSE market value quintiles; (2) five
stock and industry portfolios sorted one-dimensionally on commodity beta; and finally, (3) the
resulting LMH spreading portfolios. The stock portfolios are market value weighted, the industry
portfolios are equal weighted. To conserve space, we do not report results for the second and
fourth size group. The t-statistics are based on White’s heteroskedasticity-consistent standard
errors. Further, we present joint tests against zero for the combined set of 30 portfolios (25
stock portfolios plus five industry portfolios). For the averages, an F -test based on Hotelling
T 2-statistic; for the α’s, the F -test of Gibbons, Ross and Shanken (1989). Associated p-values
are presented underneath.

Model Means and α’s (Ann. %’s) t-statistics
F -stat CB Size Quintile Single Size Quintile Single
(p-val) Group S 3 B CRSP 48 Ind. S 3 B CRSP 48 Ind.
Means L 7.01 9.96 8.78 8.19 6.83 1.47 2.47 2.60 2.42 2.36
1.48 2 8.01 9.88 6.83 7.18 8.48 1.98 2.92 2.34 2.47 2.89
(0.06) 3 8.38 6.79 4.78 5.25 6.57 2.03 2.08 1.53 1.72 2.00

4 7.70 6.39 5.84 5.50 5.96 1.76 1.80 1.68 1.62 1.83
High 5.32 3.70 4.02 3.31 4.52 1.00 0.75 0.87 0.73 1.26
LMH 1.69 6.26 4.76 4.88 2.31 0.68 1.83 1.17 1.33 0.88

CAPM Low -0.11 3.43 3.55 2.60 1.87 -0.04 1.52 1.72 1.44 1.33
1.40 2 1.93 4.14 1.74 1.97 3.42 0.77 2.51 1.36 1.77 2.53
(0.08) 3 2.04 1.16 -0.83 -0.42 0.79 0.82 0.76 -0.74 -0.49 0.56

4 0.94 0.20 0.02 -0.49 0.22 0.36 0.13 0.01 -0.35 0.16
High -2.65 -4.17 -3.04 -4.00 -1.41 -0.80 -1.52 -1.10 -1.62 -0.74
LMH 2.55 7.60 6.59 6.61 3.28 1.05 2.24 1.69 1.85 1.25

FF3M L -1.67 2.12 4.29 2.53 0.18 -0.72 1.03 2.04 1.34 0.13
1.51 2 -1.05 1.95 2.23 1.99 1.95 -0.61 1.33 1.84 1.78 1.49
(0.05) 3 -0.86 -0.91 0.34 0.28 -1.29 -0.56 -0.75 0.30 0.32 -0.99

4 -1.14 -1.23 2.00 0.80 -1.57 -0.72 -1.14 1.13 0.58 -1.24
High -3.29 -3.58 -0.14 -2.01 -3.00 -1.53 -1.60 -0.05 -0.89 -1.67
LMH 1.62 5.70 4.43 4.54 3.17 0.63 1.65 1.13 1.29 1.22

FFCM L 3.73 5.50 6.80 5.41 1.61 1.42 2.82 3.28 2.99 1.14
1.57 2 2.66 3.99 3.02 3.07 2.43 1.49 2.97 2.49 2.78 1.90
(0.03) 3 1.97 0.33 0.00 0.24 -0.28 1.25 0.29 0.00 0.27 -0.20

4 1.67 -1.04 -0.31 -0.88 -0.98 1.07 -0.90 -0.20 -0.72 -0.75
High -0.62 -3.99 -2.15 -3.27 -3.74 -0.28 -1.73 -0.82 -1.49 -2.07
LMH 4.35 9.50 8.95 8.68 5.35 1.80 2.78 2.36 2.56 2.07

CNMZM L 6.66 5.92 4.30 3.65 -0.71 1.94 2.43 1.96 1.88 -0.48
1.60 2 5.06 3.43 0.14 0.49 -0.01 1.78 2.03 0.10 0.42 -0.01
(0.03) 3 5.24 0.45 -0.74 -0.47 -2.06 1.95 0.28 -0.63 -0.54 -1.58

4 5.76 0.96 1.87 1.00 -2.12 2.11 0.54 0.88 0.59 -1.62
High 7.13 2.11 3.88 2.73 -1.15 2.08 0.64 1.31 1.02 -0.57
LMH -0.47 3.81 0.42 0.92 0.43 -0.14 0.90 0.09 0.22 0.15
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Table IV: (Risk-Adjusted) Returns when Benchmark Models Include COM
This table analyzes the same set of portfolios as in Table 3, but presents risk-adjusted returns
(α’s) for APM’s that include the commodity factor COM (constructed as in Section II.C). Specifi-
cally, we consider the single-factor model COM as well as CAPMCOM, FF3MCOM, FFCMCOM
and CNMZMCOM. To conserve space, we do not report results for the second and fourth size
group. The t-statistics are based on White’s heteroskedasticity-consistent standard errors. We
also present joint tests against zero, i.e.: GRS F -statistics and associated p-values (see: Gibbons,
Ross and Shanken (1989)), for the combined set of 30 α’s (from 25 stock portfolios plus five
industry portfolios).

Model Means and α’s (Ann. %’s) t-statistics
F -stat CB Size Quintile Single Size Quintile Single
(p-val) Group S 3 B CRSP 48 Ind. S 3 B CRSP 48 Ind.
COM L 7.49 9.80 8.12 7.58 6.46 1.60 2.44 2.45 2.28 2.26
1.44 2 8.57 9.92 6.65 7.03 8.39 2.17 2.94 2.28 2.43 2.87
(0.07) 3 9.35 7.36 5.66 6.10 6.78 2.35 2.31 1.88 2.07 2.09

4 9.14 7.88 8.05 7.57 6.64 2.19 2.38 2.73 2.60 2.08
High 8.06 7.13 7.57 6.88 6.63 1.67 1.78 2.10 1.98 2.11
LMH -0.57 2.67 0.54 0.70 -0.18 -0.33 1.52 0.25 0.52 -0.11

CAPMCOM Low -0.99 1.74 1.42 0.45 0.21 -0.34 0.84 0.85 0.35 0.21
1.31 2 1.40 2.92 0.33 0.58 2.16 0.57 1.95 0.35 0.78 1.91
(0.14) 3 2.06 0.75 -0.78 -0.44 -0.19 0.83 0.48 -0.69 -0.51 -0.15

4 1.54 1.01 1.96 1.21 -0.06 0.59 0.66 1.41 1.16 -0.05
High -0.41 -0.89 0.61 -0.40 0.37 -0.13 -0.42 0.31 -0.27 0.22
LMH -0.58 2.63 0.81 0.86 -0.16 -0.33 1.49 0.37 0.63 -0.09

FF3MCOM L -2.86 0.70 2.89 1.05 -0.83 -1.50 0.47 1.77 0.86 -0.85
1.47 2 -1.83 1.01 1.41 1.15 1.21 -1.21 0.89 1.52 1.49 1.10
(0.06) 3 -1.30 -1.33 0.40 0.26 -1.85 -0.92 -1.15 0.36 0.30 -1.53

4 -1.30 -0.94 3.21 1.81 -1.73 -0.83 -0.89 2.30 1.74 -1.37
High -2.58 -1.91 1.99 -0.01 -1.84 -1.30 -1.15 0.99 -0.01 -1.21
LMH -0.28 2.60 0.91 1.06 1.01 -0.16 1.46 0.40 0.77 0.60

FFCMCOM L 1.74 2.43 3.63 2.08 -0.75 0.73 1.59 2.19 1.67 -0.71
1.37 2 1.40 1.92 1.00 1.04 0.55 0.85 1.65 1.01 1.23 0.48
(0.10) 3 1.42 -0.52 0.09 0.17 -1.56 0.93 -0.45 0.08 0.20 -1.17

4 1.90 -0.22 2.40 1.46 -1.26 1.23 -0.19 1.78 1.49 -0.97
High 1.90 0.39 3.12 1.82 -0.80 0.88 0.23 1.59 1.40 -0.52
LMH -0.15 2.04 0.52 0.27 0.05 -0.09 1.07 0.23 0.20 0.03

CNMZMCOM L 6.43 5.64 3.97 3.32 -0.93 2.09 2.67 2.43 2.66 -0.90
1.66 2 4.93 3.26 -0.05 0.31 -0.15 1.83 2.18 -0.05 0.38 -0.14
(0.02) 3 5.18 0.40 -0.73 -0.47 -2.17 1.96 0.25 -0.62 -0.54 -1.77

4 5.77 1.06 2.14 1.24 -2.13 2.12 0.66 1.38 1.11 -1.63
High 7.32 2.52 4.34 3.19 -0.88 2.27 1.18 2.14 2.51 -0.50
LMH -0.89 3.12 -0.37 0.14 -0.05 -0.43 1.68 -0.15 0.09 -0.02
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Table V: Predictability of Unanticipated Inflation
This table reports regressions of unanticipated inflation (computed as the month t change in the

12-month growth rate of a price index: dIt =
(

It
It−12

)
−
(
It−1
It−13

)
) on a number of commodity

indexes with returns Rt. We include: the open interest weighted (OIW) and the equal weighted
(EW) total index as well as four OIW sector indexes: Energy (E), Agriculture (A), Metals and
Fibers (M) and Livestock and Meats (L). (For comparative purposes, we present results for the

CRSP MVW stock index, as well.) Exactly, we use dIt =
K∑
k=1

bkdIt−k +
2∑
s=0

csRt−s + et. The

sample period is January 1975 to December 2008 for all predictor variables but Energy, for which
the sample starts in June 1979. This adds up to 408 and 355 monthly observations, respectively.
Panel A reports results for the Price Index for Personal Consumption Expenditures (PIPCE);
Panel B for the Producer Price Index for Finished Goods (PPI). The optimal lag length K is
determined using BIC comparison and equals one for both PIPCE and PPI. Note, all variables are
normalized (i.e.: from each observation we substract the mean and divide by standard deviation)
for interpretative purposes. Below each point estimate we report t-statistics based on White’s
heteroskedasticity-consistent standard errors. We also report adjusted R2’s.

Commodity Returns (Rt)
OIW EW E A M L CRSP

Panel A: Unanticipated Inflation - PIPCE (dIt)
b1 0.30 0.32 0.31 0.39 0.38 0.42 0.42

5.96 6.13 4.64 7.16 6.46 6.83 6.96
c0 0.23 0.19 0.19 0.08 0.16 0.00 0.01

4.61 4.01 3.78 1.82 3.02 0.03 0.23
c1 0.33 0.29 0.34 0.16 0.13 0.04 0.10

5.93 5.04 6.38 2.69 2.11 0.80 1.51
c2 0.05 0.11 -0.01 0.09 0.09 0.13 0.02

0.98 2.20 -0.26 1.75 2.17 3.01 0.46
Adj. R2 0.36 0.32 0.31 0.21 0.23 0.19 0.18

Panel B: Unanticipated Inflation - PPI (dIt)
b1 0.20 0.21 0.18 0.29 0.27 0.30 0.31

3.06 3.45 2.41 4.19 3.75 4.03 4.24
c0 0.19 0.18 0.23 0.05 0.12 0.07 0.06

3.27 3.04 4.30 0.83 1.87 1.50 0.93
c1 0.34 0.31 0.31 0.16 0.13 0.08 0.07

6.00 5.28 5.59 2.81 2.39 1.54 1.03
c2 0.01 0.05 0.02 0.07 0.06 0.01 0.04

0.17 1.14 0.34 1.52 1.45 0.14 0.93
Adj. R2 0.25 0.23 0.24 0.12 0.13 0.10 0.10
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Table VI: Predictability of Unanticipated Core Inflation
This table reports regressions of unanticipated core inflation (dIcoret =

(
Icoret
Icoret−12

)
−
(
Icoret−1
Icoret−13

)
), on

a number of commodity indexes with returns Rt. We include: the open interest weighted
(OIW) and the equal weighted (EW) total index as well as four OIW sector indexes: En-
ergy (E), Agriculture (A), Metals and Fibers (M) and Livestock and Meats (L). (For compar-
ative purposes, we present results for the CRSP MVW stock index, as well.) Exactly, we use

dIcoret =
K∑
k=1

bkdI
core
t−k +

2∑
s=0

csRt−s + et. The sample period is January 1975 to December 2008

for all predictor variables but Energy, for which the sample starts in June 1979. This adds up
to 408 and 355 monthly observations, respectively. Panel A and B report results for the core
PIPCE and PPI. The optimal lag length K is determined using BIC comparison and equals one
for core PIPCE and three for core PPI. Note, all variables are normalized (i.e.: from each ob-
servation we substract the mean and divide by standard deviation) for interpretative purposes.
Below each point estimate we report t-statistics based on White’s heteroskedasticity-consistent
standard errors. We also report adjusted R2’s.

Commodity Returns (Rt)
OIW EW E A M L CRSP

Panel A: Unanticipated Inflation - Core PIPCE (dIt)
b1 0.18 0.20 0.11 0.21 0.19 0.24 0.23

2.02 2.16 1.14 2.34 2.09 2.60 2.59
c0 0.12 0.07 0.04 0.04 0.08 0.00 -0.04

2.56 1.66 0.75 1.07 1.63 -0.04 -0.60
c1 0.14 0.11 0.04 0.09 0.15 -0.06 0.07

2.48 1.94 0.91 1.68 2.72 -1.03 1.02
c2 0.16 0.15 0.05 0.10 0.15 0.09 -0.02

3.32 3.14 1.01 1.85 2.56 2.00 -0.42
Adj. R2 0.12 0.09 0.01 0.07 0.11 0.06 0.05

Panel B: Unanticipated Inflation - Core PPI (dIcoret )
b1 0.16 0.16 -0.02 0.16 0.15 0.16 0.17

2.42 2.44 -0.44 2.47 2.26 2.55 2.49
b2 0.12 0.12 -0.03 0.12 0.12 0.12 0.13

2.29 2.35 -0.59 2.25 2.27 2.27 2.40
b3 0.15 0.16 0.05 0.15 0.14 0.14 0.14

2.49 2.49 0.89 2.43 2.34 2.28 2.33
c0 -0.02 -0.02 -0.04 0.02 0.02 -0.07 0.08

-0.34 -0.37 -0.68 0.34 0.43 -1.37 1.30
c1 0.16 0.11 0.01 0.09 0.16 0.00 -0.01

2.84 2.04 0.22 1.62 2.73 0.07 -0.33
c2 0.03 0.06 0.00 0.06 0.04 -0.01 -0.04

0.54 1.08 -0.02 1.13 0.94 -0.16 -0.84
Adj. R2 0.11 0.10 -0.01 0.09 0.11 0.08 0.09
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Table VII: Average and Risk-Adjusted Returns of LMH Portfolios in Recessions ver-
sus Expansions (1)
This table analyzes the performance of low minus high commodity beta (LMH) spreading port-
folios in recessions versus expansions. In doing so, it divides a total of 348 monthly observations
(from January 1980 to December 2008) in 55 recession and 293 expansion months using the
Chicago Fed National Activity Index. We consider the LMH portfolios within each size quintile
as well as the two aggregate LMH spreading portfolios from all CRSP stocks and 48 industries.
We measure performance in terms of average and risk-adjusted returns (α’s), in annualized %’s.
To be precise, we run the following regression for each time series of post-ranking portfolio returns:
rLMH,t = αexp+α∗recDt+β′expFt+β∗′recFtDt+εt, where (1) Ft contains the CAPM, FF3M, FFCM
and CNMZM factors for the relevant asset pricing models (note, Ft = 0 when estimating average
returns), and (2) Dt = 1 whenever CFNAI −MA3t < −0.7. For the sake of brevity, we only
report the (risk-adjusted) return in expansions (αexp), and the incremental return in recessions
(α∗rec), with its corresponding t-statistic (tα∗rec), based on White heteroskedasiticity-consistent
standard errors, presented underneath.

Size Quintile Single
Small 2 3 4 Big CRSP 48 Ind.

Means αexp 0.58 -0.34 3.37 1.08 1.13 1.93 0.32
α∗rec 7.03 11.23 18.30 19.32 22.99 18.65 12.56
tα∗rec 0.95 1.19 1.73 1.49 2.37 1.89 1.42

CAPM αexp 1.63 1.05 4.92 2.85 3.59 4.19 1.51
α∗rec 6.12 9.96 17.01 17.81 20.72 16.61 11.54
tα∗rec 0.84 1.06 1.63 1.39 2.18 1.71 1.31

FF3M αexp -0.10 -1.76 2.57 -0.31 1.04 1.69 1.19
α∗rec 8.77 12.46 17.58 17.65 20.26 15.66 10.81
tα∗rec 1.15 1.26 1.58 1.30 2.12 1.61 1.15

FFCM αexp 2.18 0.83 5.82 2.96 4.84 5.00 2.67
α∗rec 13.95 22.44 26.36 27.85 26.47 23.56 20.70
tα∗rec 1.64 2.36 2.36 2.09 2.70 2.41 2.06

CNMZM αexp -1.73 -2.92 0.35 -3.53 -3.42 -2.18 -1.96
α∗rec 10.76 22.07 25.64 28.01 34.72 29.37 21.72
tα∗rec 1.26 2.18 2.29 2.02 3.33 2.72 2.53
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Table VIII: Average and Risk-Adjusted Returns of LMH Portfolios in Recessions
versus Expansions (2)
As in Table 7 this table analyzes the performance of low minus high commodity beta (LMH)
portfolios in recessions versus expansions. Here, however, the sample is divided in 54 recession
and 294 expansion months using the lagged value of the Chicago Fed National Activity Index.
We consider the LMH spreading portfolios within each size quintile (based on NYSE market
value quintiles) as well as the two aggregate LMH spreading portfolios from all CRSP stocks and
48 industries. We measure performance in terms of average and risk-adjusted returns (α’s), in
annualized %’s. To be precise, we run the following regression for each time series of post-ranking
portfolio returns: rLMH,t = αexp + α∗recDt−1 + β′expFt + β∗′recFtDt−1 + εt, where (1) Ft contains
the CAPM, FF3M, FFCM and CNMZM factors for the traditional asset pricing models (note,
Ft = 0 when estimating average returns), and (2) Dt−1 = 1 whenever CFNAI−MA3t−1 < −0.7.
For the sake of brevity, we only report the (risk-adjusted) return in expansions (αexp), and the
incremental return in recessions (α∗rec), with its corresponding t-statistic (tα∗rec), based on White
heteroskedasiticity-consistent standard errors, presented underneath.

Size Quintile Single
Small 2 3 4 Big CRSP 48 Ind.

Means αexp 0.25 -0.58 3.86 1.59 2.80 3.05 1.48
α∗rec 9.25 12.96 15.48 16.40 12.61 11.76 5.32
tα∗rec 1.22 1.40 1.41 1.33 1.31 1.21 0.61

CAPM αexp 1.06 0.39 5.03 2.91 5.02 5.01 2.36
α∗rec 9.04 12.75 15.37 16.20 10.95 10.53 5.20
tα∗rec 1.23 1.41 1.46 1.36 1.16 1.12 0.60

FF3M αexp -0.55 -2.27 2.81 -0.52 2.04 2.16 2.11
α∗rec 11.30 12.70 13.15 15.29 9.17 8.03 0.86
tα∗rec 1.46 1.30 1.20 1.35 0.99 0.90 0.10

FFCM αexp 2.16 0.97 6.58 3.32 6.00 5.78 3.87
α∗rec 15.51 21.28 20.64 25.26 15.37 15.45 9.86
tα∗rec 1.95 2.34 1.98 2.20 1.57 1.65 1.09

CNMZM αexp -2.21 -3.46 0.55 -3.59 -2.30 -1.57 -0.98
α∗rec 14.01 25.49 24.68 29.70 28.30 26.08 15.91
tα∗rec 1.69 2.71 2.35 2.44 2.87 2.60 1.91
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